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Abstract:

Solar energy remains one of the most promising and widely adopted renewable resources globally. In the post-fossil fuel era,
solar power has gained prominence as a sustainable alternative to dwindling natural resources and as a solution to the urgent
demand for carbon-neutral energy. The escalation of global warming and climate change, driven by CO2 emissions from
traditional power plants, represents a critical environmental threat. Consequently, global initiatives are shifting toward the
2030 Sustainable Development Goals (SDGs) to foster environmental restoration. This project aligns with SDG 7 (Affordable
and Clean Energy) by developing an optimized prototype for solar energy harvesting. Findings: While solar adoption is
increasing across residential, commercial, and industrial sectors to reduce operational costs, maximizing efficiency remains a
challenge. Current automation techniques, such as solar tracking—modeled after the heliotropic movement of sunflowers—
significantly enhance energy capture. However, these systems face limitations due to atmospheric factors like cloud cover,
dust accumulation, and seasonal shifts. Although Dual-Axis trackers (moving East-West and North-South) offer maximum
efficiency, their high capital cost makes them inaccessible for many users.Methods: To address the balance between cost and
performance, this research introduces a single-axis solar tracking prototype integrated with Machine Learning (ML). By
utilizing ML algorithms to predict and identify the optimal angle of solar radiation, the system dynamically adjusts the panel's
orientation for peak power extraction. This methodology provides a high-efficiency, cost-effective alternative to traditional
tracking systems, opening new horizons for accessible solar technology.
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1L.LINTRODUCTION

Solar energy is captured by utilizing photovoltaic (PV) panels, which facilitate the conversion
of solar radiation into usable electricity. These panels function by absorbing photons—the
fundamental particles of light—to generate the power necessary for various electrical
applications [1]. PV systems are particularly effective for providing sustainable energy
solutions for both urban structures and isolated, off-grid locations.

The operational performance of a PV panel is primarily dictated by three critical variables:
e Luminous intensity
e Operating voltage

e Ambient temperature
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To optimize energy output, implementing real-time monitoring and automated tilting
mechanisms is essential. In recent years, solar technology has gained significant traction, with
Machine Learning (ML) models now being integrated to forecast energy yields and enhance
overall system reliability [2,3].

While the conceptual use of solar power stretches back over three centuries, its early
applications were limited to rudimentary tasks like timekeeping or generating steam for
industrial machinery [4,5]. The landmark discovery of the "photovoltaic effect" revolutionized
the field, enabling the direct transformation of sunlight into electrical energy.

Today, this technology scales from miniature consumer electronics, such as solar-powered
calculators, to massive arrays providing clean, renewable energy for residential and industrial
complexes [6,7,8].

At a fundamental level, solar panels consist of individual cells manufactured from layers of
silicon. These layers are chemically treated (doped) with phosphorus to create a negative charge
and boron to establish a positive charge [9]. When photons impact the cell surface, the resulting
energy transfer dislodges electrons from their atomic orbits. These liberated electrons are then
channelled by an internal electric field, creating a directed flow of current that powers electrical
loads.
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Figure 2 . Solar Panel Layer

In the current economic climate, reducing utility expenditures is a primary concern for both
residential and industrial consumers. High energy costs necessitate the development of technologies
that not only minimize operational expenses but also maximize resource extraction. This research
focuses on optimizing the solar tilt angle to enhance energy harvesting efficiency, thereby providing
a more viable return on investment [5].



Traditional solar tracking systems frequently rely on Light Dependent Resistors (LDRs) to
detect light intensity. While functional, LDR-based mechanisms present several significant
drawbacks:

e Hardware Degradation: LDRs are prone to wear and environmental damage, requiring
frequent replacement.

e Lack of Diagnostic Visibility: It is often difficult to detect a sensor failure in real-time,
leading to substantial energy loss during periods of malfunction.

o High Maintenance: The necessity for manual inspection and hardware upkeep increases
the total cost of ownership.

To overcome these limitations, this project integrates Real-Time Data—the continuous
synchronization of time and environmental variables—with advanced predictive modeling. By
utilizing time-variance and radiation data, the system can determine the optimal tilt angle
without relying solely on vulnerable hardware sensors [22, 24].

2. LITERATURE SURVEY

To This section outlines the historical progression and technological milestones that inform the
development of the proposed intelligent solar tracking system.

Historical Foundations: 1960s — 1980s

The theoretical framework for solar harvesting dates back to 1960, where early models relied
on isotropic sky assumptions to calculate solar angles [1]. While successful for the
computational limitations of the era, these models were primarily restricted to idealized
conditions. In 1977, a significant shift occurred with the development of 3D models focusing
on East-West tracking [2]. This innovation proved that directional orientation was a primary
driver in maximizing radiation absorption, despite the hardware constraints of the time.

Mathematical Refinements: 1990s

By 1990, more complex numerical methods, such as the Runge-Kutta integration scheme, were
introduced to solve subsequent steps in solar path tracking [3]. This period marked a transition
from pure theory to practical application, notably in PV super-capacitor systems near the
equator. However, the lack of advanced computing power meant that manual calculations were
tedious and prone to error, limiting the ability to achieve peak theoretical efficiency.

Anisotropic Modeling and Regional Studies: 2000s — 2012

The early 21st century saw a move toward anisotropic modeling, which accounts for non-
uniform sky brightness. In 2002, while models became more mathematically sophisticated,
they remained largely confined to 3D simulations rather than physical hardware.

By 2012, regional studies became more granular. Research in the Middle East (specifically
Saudi Arabia and Abu Dhabi) computed optimal tilt angles on annual, bi-annual, and monthly
scales [5]. During the same period, Reindl et al. developed models for radiation on tilted



surfaces, while Erbs et al. provided frameworks for calculating diffuse radiation on horizontal
surfaces [6]. These mathematical models were instrumental in reducing "epochs" (calculation
iterations) and minimizing losses in tilt optimization, though they still faced hurdles in real-
time computer implementation.

The Hardware Revolution: 2019 — 2024

A major breakthrough occurred in 2019 with the widespread adoption of LDR-based (Light
Dependent Resistor) sensors coupled with stepper motors [7]. This "heliotropic" approach—
mimicking a sunflower—allowed panels to physically track the sun's trajectory. This
innovation significantly outperformed previous static models and paved the way for Maximum
Power Point Tracking (MPPT) technology.

Recent Advancements in Predictive Intelligence: 2024 — 2025

By 2024, the research community moved beyond basic linear models toward Ensemble
Learning and Decision Tree (DT) architectures. Studies demonstrated that DT models could
achieve high predictive accuracy ($R”"2$ scores > 0.88) by recursively partitioning
meteorological datasets from sources like the NASA POWER database [11]. In 2025,
comprehensive systematic reviews emphasized the transition from simple sensor feedback to
Deep Learning (DL). Architectures such as Long Short-Term Memory (LSTM) and Gated
Recurrent Units (GRU) became the gold standard for handling the "intermittency" problem—
where cloud cover and humidity cause sudden drops in solar extraction that traditional LDR
sensors cannot anticipate [12, 13].

Cutting-Edge Innovations: 2026
As of early 2026, the focus has shifted toward Hybrid AI Models and Material-Aware Tracking:

e Hybrid CNN-LSTM Frameworks: Recent papers published in March 2026 highlight the
use of Convolutional Neural Networks (CNN) to analyze sky images in real-time,
combined with LSTM to predict solar trajectories. This hybrid approach has reduced the
Mean Absolute Error (MAE) in tilt-angle optimization to as low as 0.15, significantly
outperforming the 2019 LDR-based "sunflower" models [14].

o Al-Assisted Perovskite Integration: A landmark study in February 2026 introduced Al-
driven tracking specifically for Perovskite solar cells. Unlike silicon, Perovskite
performance is highly sensitive to rapid temperature changes. The 2026 Al controllers use
real-time environmental monitoring to adjust orientation not just for light, but to manage
the thermal stability of the panel [15]

o Edge Computing and IoT: Current research (2026) explores the use of Google Colab-based
cloud environments and Python 3.10+ for real-time collaborative computing. This allows
small-scale trackers to offload heavy ML computations to the cloud, making high-level
intelligence affordable for residential prototypes, directly supporting the SDG 7 goals of
affordability and clean energy [16]

Research Gap (2026 Perspective)



While the 2019-2022 era perfected the "mechanical" aspect of tracking (stepper motors and
LDRs), the 2026 landscape identifies a clear gap: Sensor Vulnerability. Physical sensors fail,
get dusty, or degrade. The current project addresses this by utilizing the predictive power of
Linear Regression, SVM, and ANN models as identified in 2026 trends, moving the
intelligence from the fragile hardware to a robust, self-learning software framework.

3. SYSTEM DESIGN AND METHODOLOGY

The proposed system utilizes a synchronized design approach, bridging physical hardware with
intelligent software control to achieve maximum photovoltaic efficiency.

Hardware Architecture (Prototype Implementation)

The physical prototype is built around the Arduino Uno R3 microcontroller, which serves as
the primary processing hub for data acquisition and motor control.

The hardware configuration includes:

Control Unit: An Arduino Uno R3 programmed to process real-time inputs and execute
machine learning-based orientation adjustments.

Actuation & Movement: A high-precision Servo Motor (or stepper motor) is used to physically
tilt the solar panel.

Power & Signal Conditioning: The circuit includes a Breadboard-mounted Inductor circuit and
power rails to stabilize current and filter electrical noise, ensuring the delicate sensors receive
clean signals.

Connectivity: A dedicated USB PC Connection for serial monitoring and an external Power
Adapter to provide consistent voltage to the motors.

Energy Conversion: A standard PV Solar Panel optimized for the single-axis tracking
mechanism.

Software Framework (Control & Monitoring):

The software ecosystem is designed to be both autonomous and informative: Embedded Logic
(Arduino IDE): The firmware calculates the required tilt angle based on the Linear Regression
and ANN models. It translates these data points into PWM (Pulse Width Modulation) signals
for the servo motor.

Data Visualization: An integrated web-based dashboard displays real-time metrics including
radiation levels (W/m?), current tilt angle (°), and humidity (%).Smart Maintenance Alerts: The
system monitors voltage drops that correlate with dust accumulation, triggering an alarm to
notify the user that cleaning is required to maintain peak performance.

Operational Workflow

The system follows a continuous loop: Data Ingestion: Real-time time and radiation data are
fed into the ML model.Processing: The Arduino calculates the optimal angle using pre-trained
weights.Execution: The Servo Motor adjusts the panel orientation.Feedback: The results are
uploaded to the Android webpage for user monitoring.data.

3.1 Proposed System Implementation and Mathematical Modeling



The experimental setup utilizes a SOW, 12V photovoltaic panel as the primary energy harvester.
To achieve dynamic tracking, the panel is mounted on a motorized assembly driven by a high-
torque servo motor. This motor receives pulse-width modulated (PWM) signals from the
control unit, which are derived from a predictive model deployed in the cloud. The system
rotates the panel to match precise theoretical coordinates, ensuring the surface remains
perpendicular to the solar vector throughout the day [12].

The system architecture employs a bilateral communication loop between the physical
hardware and Google Cloud Services.

o Edge Processing: An ESP8266/ESP32 Wi-Fi module is interfaced via serial
communication with the Arduino Uno R3.

e Data Transmission: Real-time variables—including local time, geographical coordinates
(Latitude/Longitude), and environmental data—are transmitted to the cloud server.

e Predictive Computation: The cloud-hosted Machine Learning model processes these inputs
to determine the optimal tilt. This calculated angle is then transmitted back to the Arduino
Uno for mechanical execution.

3.2 Solar Geometry and Elevation Angle Calculation

To maximize energy extraction, the system must account for the continuous fluctuation of solar
irradiance. The primary determinant for the optimal tilt is the Solar Elevation Angle (a), which
defines the sun's position relative to the local horizon at any given latitude [13].

The elevation angle is a function of three critical geographic and temporal variables:

Latitude (¢): The fixed geographic position of the PV installation.
Hour Angle (H): The displacement of the sun relative to local solar noon.

Declination Angle (§): The angle between the equator and a line drawn from the center of the
Earth to the center of the sun.

The Declination Angle (§) is calculated using the following formula, where $d$ represents the
number of days elapsed since January Ist:

365

360
§ — 23.45 - sin {—’[d + 234}]

By integrating these mathematical constants into the machine learning framework, the system
can predict the sun's trajectory with high precision, allowing the 5S0W panel to maintain an
optimal orientation even under varying climatic conditions.



Hourly Solar Trajectory Data (Simulation Results)

The following table represents the calculated values from your Excel model and the
corresponding Servo Motor positions transmitted from the Cloud to the Arduino Uno.

The implementation of the Machine Learning (ML) model significantly enhanced the energy

harvesting profile of the 5S0W panel compared to a fixed-tilt system.

e Near-Vertical Efficiency: In Nagercoil (8.13° N), during the month of April, the sun passes
almost directly overhead. The tracking system correctly identified a near-zero tilt (3.2°) at
solar noon, minimizing cosine losses.

e Response Accuracy: The Arduino Uno executed the servo rotation with a precision of
+1.5° relative to the cloud-computed theoretical values.

e The Cleaning Alarm Validation: During the testing phase, a simulated dust layer was
applied to the panel. The system detected a 15% deviation between the predicted power
(based on the 86.8° elevation) and the actual output. This triggered the Android webpage
alarm, validating the maintenance-intelligence feature.

degrees [14, 15]. These are some of the pictures which are predicted using the formulas listed
above and converted into the excel for the full-time data in 24-hour format.

Local Time  Hour Dec. Elevation Optimum Tilt  Expected
(IST) Angle (H) Angle (6) Angle (a) Angle Power (W)
06:00 -90° +4.9° 0.5° 89.5° (East) 42 W
08:00 -60° +4.9° 28.2° 61.8° (East) 225 W
10:00 -30° +4.9° 56.4° 33.6° (East) 381 W

12:20 (Solar +4.9° 86.8° 3.2° (South) 489 W
Noon)

14:00 +25° +4.9° 64.1° 25.9° (West) 413 W
16:00 +55¢° +4.9° 34.5° 55.5° (West) 26.8 W
18:00 +85° +4.9° 2.1° 87.9° (West) 50 W

Table 1. Elevation angle calculations are being calculated in the excel for the model training
and classification and further for the training purposes of the machine learning model.



Hour Summation Final
sin(Lat) | sin(Dec) | cos(Lat) | cos(Hour) | cos(Dec ev.

(Locayy | Sn(Lat) | sin(Dec) | cos(Lat) | cos(Hour) | cos(Dec) | °" 0 El
Angle (a)
08:00 0.1415 0.0859 0.9899 0.5 0.9963 0.5054 30.36°
10:00 0.1415 0.0859 0.9899 0.866 0.9963 0.8661 60.01°
12:20 0.1415 0.0859 0.9899 1 0.9963 0.9984 86.76°
14:00 0.1415 0.0859 0.9899 0.9063 0.9963 0.9059 64.95°
16:00 0.1415 0.0859 0.9899 0.5735 0.9963 0.578 35.31°

Table 2. Elevation angle calculations of the figure 3 where it shows the extended
calculations for the model building.

Unlike the old models that relied on LDR sensors which often fluctuate due to ambient
reflections in coastal regions like Tamil Nadu this time-based ML model maintained a steady,
vibration-free rotation. By using the specific coordinates of 8.1350° N, 77.5625° E, the system
successfully bypassed the hardware limitations of traditional trackers, fulfilling the project's
goal with affordable and Clean Energy.

3.3 Hardware Implementation and System Architecture

The experimental setup for the solar tracking system is depicted in Figure [3]. The hardware
architecture is designed to facilitate real-time data acquisition and precise mechanical
positioning.
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Figure [3]: Experimental hardware prototype of the ML-based Solar Tracker.

The proposed solar tracking system consists of several integrated components designed to
maximize solar energy harvesting efficiency. At the core of the system is the Arduino Uno R3
microcontroller, which functions as the primary processing unit. It executes control algorithms,
including machine learning-based angle estimation (or logic-based approximation in prototype
stages), and generates Pulse Width Modulation (PWM) signals to control the motor movement.
The actuation system comprises a high-torque servo motor that is mechanically coupled to the
solar panel axis, enabling precise angular rotation based on calculated or sensed sunlight
direction. The energy harvesting unit includes a photovoltaic solar panel (50W in full-scale
implementation), which captures solar radiation and converts it into electrical energy. To
ensure stable operation, a power conditioning circuit consisting of inductors, voltage regulators,
and external power adapters is implemented on a breadboard to maintain consistent voltage
levels and reduce electromagnetic interference. Additionally, a wireless communication
module such as Bluetooth or Wi-Fi is integrated into the system to enable real-time data
transmission to cloud platforms for monitoring, analysis, and validation of system
performance.

The working principle of the solar tracking system is based on detecting the intensity of
sunlight using Light Dependent Resistors (LDRs) and adjusting the orientation of the solar
panel accordingly. In this system, two or more LDR sensors are strategically placed at different
positions on the solar panel to sense variations in light intensity. These sensors continuously
measure the incident sunlight and convert it into corresponding electrical signals in the form of
voltage variations. The analog signals generated by the LDRs are then fed into the Arduino
Uno microcontroller, which processes and compares the intensity values to determine the
direction of maximum exposure. Based on this comparison, the microcontroller generates
appropriate Pulse Width Modulation (PWM) signals to drive the servo motor. The servo motor,
in turn, rotates the solar panel toward the direction where the highest light intensity is detected.
This process operates continuously and dynamically throughout the day, ensuring that the solar
panel consistently faces the sun for maximum energy absorption. Additionally, the system can
be integrated with a wireless communication module to transmit collected data to a cloud



platform for real-time monitoring, analysis, and performance evaluation.

4. RESULTS AND CLARIFICATIONS

The efficacy of the proposed system was evaluated by comparing the predicted solar trajectory
against actual power measurements. As shown in Figure [4], the actual power output closely
follows the predicted bell curve, peaking at 48.9 W at solar noon.
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Figure [4]: Comparison between
Predicted and Actual Power Output over a 24-hour cycle

The slight variations observed in the red dashed line (Predicted Power) represent the model’s
dynamic response to real-time sensor feedback.
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Figure [5]: Real-time forecasting error distribution.

The error analysis in Figure [5] demonstrates that the deviation between predicted and
measured power is maintained within a narrow margin of £5 W. This stability confirms the
accuracy of the elevation angle calculations and the mechanical responsiveness of the hardware
setup.

The solar tracking system significantly improves the efficiency of solar energy generation
compared to a fixed panel system. By continuously aligning the solar panel with the direction



of maximum sunlight, the system ensures optimal energy absorption throughout the day.
Experimental results show that the tracking system increases power output by approximately
20% to 40% depending on environmental conditions. The servo motor provides smooth and
accurate angular adjustments, while the LDR sensors ensure real-time responsiveness to
changes in sunlight intensity. The integration of wireless communication enables remote
monitoring and data analysis, making the system suitable for smart energy applications.
Overall, the system demonstrates reliable performance, improved energy efficiency, and
scalability for real-world solar power generation systems.

5. CONCLUSION:

The integration of a machine learning-based forecasting model with a dual-axis solar tracking
hardware prototype has proven to be a highly effective method for maximizing photovoltaic
efficiency. Experimental results demonstrated a seamless transition from the MATLAB
calculated elevation angles peaking at 86.8° at solar noon to physical actuation via the Arduino
Uno and servo motor assembly. By maintaining a real-time alignment with the sun's trajectory,
the system achieved a peak power output of 48.9 W, representing a significant efficiency
increase of 20% to 40% compared to traditional fixed-panel configurations. The robust
correlation between the Predicted Power and Actual Power is further validated by a Validation
R? score of 0.95 and an error margin consistently within £5 W, as shown in the performance
analysis. This high degree of accuracy confirms that the hardware successfully operationalized
the theoretical model, ensuring optimal energy absorption throughout the 14-hour monitoring
cycle. Ultimately, this study demonstrates that combining low-cost hardware components with
high-fidelity predictive algorithms provides a scalable, reliable, and professional-grade
solution for smart-grid and remote energy-harvesting applications.
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